ABSTRACT Properly deployed public charging stations are important foundations for the large-scale operation of electric taxis. This paper proposes a novel framework for the deployment of public charging stations, which takes into consideration the effects of passengers, taxi drivers, electricity retailers, transportation network, distribution network, and power consumers. First, on the premise that public charging stations have already been deployed, an agent-based model is constructed to simulate the charging demands of each station, considering passengers' travel demands and retailers' mutual competition. Second, to obtain candidate sites for public charging stations, the critical node index is put forward based on the massive trajectory data of taxis. Finally, a multi-objective optimizing model for public charging station deployment is proposed with charging demand simulation embedded. By traversing candidate sites and quantities of charging spots at each station using a modified genetic algorithm, the optimal deployment results are obtained. The framework and models are demonstrated and verified by a test case. The results indicate that the proposed framework could minimize the costs of charging stations, electric utilities, electric taxi drivers, and passengers while lowering the load heterogeneity in the distribution network at the same time.
I. INTRODUCTION
The promotion and popularization of electric vehicles (EVs) is an effective approach for reducing greenhouse gas emissions and air pollutions generated from fossil fuel-based road transportation systems, and it is also an important measure to solve the environmental problems we are faced with [1] . As a result, a number of countries have taken specific initiatives to de-carbonize their transport sectors by developing EV industry [2] . In China, a development plan has been brought forward with the goal of increasing EV ownership number to 5 million by 2020, among which 300 thousand EVs are electric taxis (ETs) [3] . According to EV development goals of Chinese government, the construction of charging infrastructures for buses, taxis, streetsweeping cars, and other public service vehicles will enjoy priority, and more than 2,500 taxi-specific charging stations will be built by 2020 [3] . The construction of public charging stations (PCSs) for ETs has entered a period of rapid development in China.
As important foundations for large-scale operation of ETs, properly deployed PCSs will not only improve the economic benefits and management level of PCSs, but also provide convenient charging services for consumers. Thus, the deployment of PCSs for ETs has significant influences on the development of EV industry.
The deployment of PCSs for ETs is related to the interests of passengers, taxi drivers, electricity retailers of PCSs, and electric utilities. Therefore, how to simulate the behaviors of ETs and guarantee the interests of main stakeholders in the process of PCSs deployment is a key problem to be solved.
A. LITERATURE REVIEW 1) CHARGING DEMAND FORECASTING BASED METHODS
In this kind of methods, charging demand forecasting is an important prerequisite of PCS deployment. A mismatch between charging demand and infrastructures can lead to under-utilized charging stations and wasted public resources. According to the differences in obtaining charging demand, PCS deployment methods can be classified into the following categories.
The first category can be referred to as static models consisting gas station based [4] , parking lot based [5] , and vehicle owner data based methods [6] - [9] . This kind of methods use distribution data of existing vehicles or automobile service infrastructures to estimate the spatial distribution of charging demand based on EV travel simulation, and PCSs can be deployed then. However, the spatial-temporal migration characteristics of massive vehicles were not taken into fully consideration in this kind of methods.
The second category is trip simulation based methods. Recognizing the importance of spatial-temporal migration characteristics of massive vehicles, trips simulated with origin-destination pairs are also used to study charging demand [9] - [13] , and PCSs are deployed according to the forecasted spatial-temporal distribution of charging demands. However, the problem of this kind of method is that simulated travel patterns might be different from the reality.
The third category is travel survey based methods. Travel surveys can provide real trip and parking information for surveyed individuals [14] - [16] , which is important for solving the problem of travel simulation based methods. Due to sampling cost and privacy concerns, sample size of private vehicles is usually in the hundreds, and each individual is only surveyed for a limited duration. As a result, attempts to use real world travel data to study charging infrastructure planning is yet constrained by the limited size of sample data [16] .
In general, the deployment of PCSs needs to draw conclusions at fleet or city level. However, estimating charging demand has been challenging using the above methods due to lack of real-world vehicle travel data [17] . Besides, the spatial-temporal distribution of charging demand is not independent of PCS deployment plans, namely, PCS deployment plans may react on the spatial-temporal distribution of charging demand. However, the above methods have neglected the mutual influences between EV charging demand and PCSs deployment.
2) LARGE-SCALE TRAVEL TRAJECTORY DATA MINING METHODS
Different from aforementioned PCS deployment methods based on charging demand estimation, this kind of methods tries to deploy PCSs based on travel patterns of vehicles mined from large-scale travel trajectory data. Shahraki et al. [18] used trajectory data of 11,880 taxis in Beijing as a case study to evaluate how travel patterns mined from big-data can indicate public charging infrastructure development. The results show that collective vehicle parking ''hotpots'' are good indicators for charging demand, and charging stations sited using travel patterns can improve electrified mileage of taxi fleet [1] , [18] , [19] . In addition, Tu et al. [20] developed a demand coverage approach for the placement of PCSs in spatial-temporal context, and taxis' travel demands were extracted from massive taxi GPS data in Shenzhen, China.
The main objectives of trajectory data mining methods are improving the coverage ratio of PCSs on vehicles' travel demand, and minimizing the average time to the nearest charging station and the average waiting time for an available charging spot [21] - [23] . However, PCS construction and operation costs, traffic constraints, and power distribution network constraints were not taken into consideration.
3) MULTI-OBJECTIVE OPTIMIZATION MODELS CONSIDERING TRAFFIC OR POWER DISTRIBUTION NETWORK CONSTRAINTS
Based on results of charging demand forecasting or travel pattern mining, the problem of PCS deployment can be solved by multi-objective optimization models with different constraints. According to the differences in objectives and constraints, optimizing models of PCSs deployment can be divided into the following three categories.
The first category is traffic oriented models [1] , [8] , [13] , [16] , [20] , [23] , [24] . The objective function is usually defined as the minimization of PCS construction and operation costs, total driving and recharging time, and the inconvenience cost caused by missed trips, etc. The constraints include traffic capacity, travel time, travel demand, etc. The deficiency of this kind of models is that distribution network constraints are neglected.
The second category is distribution network oriented models [25] , [26] . The objective function generally contains the minimization of the total costs associated with PCSs to be planned, including investment costs, operation costs, maintenance costs, and network loss costs in the operating life of PCSs. The constraints include power-flow equations, voltage limits, substation capacity limits, etc. Distribution network oriented models mainly focus on the interaction between PCSs and power distribution networks. However, traffic constraints are not sufficiently considered.
The third category is traffic-electricity-oriented models [7] , [10] , [13] , [15] , [27] - [29] . The aim of traffic-electricityoriented models is to maximize the EV traffic flow that can be charged by PCSs, and ensure charging service while reducing power losses and voltage deviations of distribution systems. Besides, load capability constraints are also proposed to evaluate the feasibility of the candidate PCS deployment plans. However, the competition between different PCSs is not considered in these models.
4) METHODS OF DEPLOYING PCS FOR ET
Aforementioned methods or models can provide references for PCS deployment of ETs. Nevertheless, ETs have a wider operation range compared with household EVs, and there exists stronger regularity for ETs in the process of empty-run, passenger searching and passenger transporting. Therefore, the aforementioned PCS deployment methods are not fully applicable to ETs. At present, some PCS deployment methods specific to ETs have been proposed [1] , [20] , [22] , [23] , but these methods mainly focus on mining macroscopic operation rules of the taxi fleet from historical data while the influences of taxi drivers' charging strategy are neglected. Besides, the interests of passengers, taxi drivers, PCS electricity retailers and electric utilities are not fully considered in these methods. Hence, problems remain to be solved about how to simulate the behaviors of ETs based on massive trajectory data and how to guarantee the interests of main stakeholders in the process of PCSs deployment.
B. CONTRIBUTIONS OF THIS PAPER
Based on in-depth review of the available PCS deployment methods in literature, the main contributions of this paper are listed below: 1) A spatial-temporal ET charging demand simulation model is constructed based on multi-agent technology, considering passengers' travel demands and PCS retailers' mutual competition.
2) A novel approach for deploying PCSs of ETs is proposed with embedded charging demand simulation, taking the mutual influences between PCS deployment and the spatial-temporal distribution of ET charging demand into account.
3) A multi-objective optimization model for PCS deployment is established, in consideration of the interests of passengers, taxi drivers, electricity retailers of PCSs, and electric utilities.
C. STRUCTURE OF THE PAPER
The rest of the paper is organized as follows: Section II-A describes the simulation method of ET charging demands. Section III presents the method of selecting candidate siting places for PCSs. Section IV proposes a multi-objective optimization model for deploying PCSs. Section V-A presents results and interpretations of the test case. Section VI concludes the paper with remarks for future study. The structure of the proposed approach in this paper is shown in Fig. 1 . The simulation of ET charging demand is based on transportation and distribution networks, geographic data, and trajectory data of taxis in a region. As shown in Fig. 2 , a coupled model is adopted to represent transportation and distribution networks.
II. SIMULATION OF ET CHARGING DEMAND BASED ON MULTI-AGENT TECHNOLOGY
The transportation network and distribution network can be expressed as (1) and (2),
where [20] , and it can provide important information for obtaining passengers' travel demand and taxi drivers' travel pattern. Based on trajectory data, taxi demands can be define as (3) ,
where t 0 and t d denote the beginning and ending time of the demand; n 0 and n d denote the origin and destination of the demand; n path denotes the driving route from origin to destination; v path denotes the velocity of a taxi at each node on the driving route; N TD denotes the number of traffic demands, or taxi trajectories. In this paper, n 0 , n d , and n path are all denoted by traffic nodes.
B. OVERVIEW OF AGENTS IN THE MULTI-AGENT SYSTEM
In this paper, four kinds of agents are defined to simulate ET operation process. 1) Clock agent. Clock agent is defined to provide time services for the multi-agent system, such as coordinated synchronization of different agents, start and stop control, and time step control.
2) TN agent. In this paper, we assign passengers' travel demand to nearby TNs based on trajectory data, and TN agent is defined to generate passengers' travel demand. 3) ET agent. ET agent is defined to simulate the decisionmaking process of ETs, such as searching for passengers or PCSs.
4) PCS agent. PCS agent is defined to dynamically update charging prices and manage the queuing process of taxis.
The multi-agent system provides a communication platform for different kinds of agents. The information flow between different agents is illustrated in Fig. 3 . In fact, with the worldwide development and fast popularization of online taxi booking, especially in China, the information sharing between passengers, ET drivers, and PCS retailers is becoming a reality.
C. TN AGENTS
TN agents are located at the TNs of transportation network, and they are designed for managing passengers' travel demand, including travel demand generation and cancellation.
Based on (3), the travel demands of passengers are allocated to different TN agents based on the origins of the corresponding travel demands. Details about the travel demands include origin, destination, start time, and path. Then, travel demands in a TN agent is generated by time order, and the information of travel demands could be visited by all ET agents. After a travel demand is accepted by an ET agent, or if the travel demand is not accepted by any ET agent in 30 minutes, the travel demand will be canceled by the corresponding TN agent.
D. PCS AGENTS 1) OPERATION PATTERN OF PCS
PCSs are assumed to be located at some TNs of the transportation network, and connected to the corresponding buses in the distribution network. The locations of PCSs are given in advance.
PCS agents mainly exchange information with ET agents. After receiving the charging request of an ET agent (when ET arrives at the PCS), PCS agent will check the usage status of charging spots in the station, and the ET agent will be added to the queue of this PCS agent. If there are unoccupied charging spots, then the PCS agent can provide charging service for the ET; if all the charging spots are occupied, then the ET must wait until any charging spot is available.
After charging service is completed, the ET agent will be removed from the queue.
Suppose that there is an electricity retailer at each PCS and all the retailers compete with each other to pursue higher profits. Electricity retailer buys electricity from electric utilities and sells electricity to ETs. In a fully competitive market environment, the sales price of electricity is an important tool for retailers to attract ETs. In order to simulate the operation process of PCSs and the competition between different retailers, we make the following assumptions:
• The electricity utility adopts time-of-use (TOU) price, and the electricity purchase prices of different retailers are identical at the same hour.
• Retailers of PCSs update their charging prices at the beginning of each hour based on the same pricing strategy.
• ETs could acquire the current charging prices of different PCSs through smart terminals (e.g. smart-phones) and book their preferred PCS. Once the PCS is selected, related information, including current state of charge (SOC) of the battery, target SOC, GPS-coordinates of the taxi, etc., will be sent to the corresponding retailer.
• If the ET arrives at the selected PCS within a prescriptive period of time, t max , then the charging price will be restricted to the price when submitting the order. Otherwise, ETs will need to rebook the charging service.
2) PRICING STRATEGY CONSIDERING RETAILERS' MUTUAL COMPETITION
In the simulation process, retailers should update their charging prices dynamically in order to compete with others and maximize their profits in the next hour. The pricing strategy of retailers is described as below. The profit of a retailer in the t-th hour can be denoted by (4),
where F n,t is the profit of retailer n (PCS n) in the t-th hour; P s denotes the charging power of each ET; T h denotes the time duration of each hour; x n,t and c n,t denote the charging price and electricity purchase price of retailer n in t-th hour, respectively; N n,t denotes the number of ETs at PCS n in the t-th hour, and it can be estimated by (5) ,
where N n,t denotes the number of ETs at PCS n in the t-th hour; x n,max denotes the maximum charging price; N n,t,max denotes the maximum number of queued ETs at PCS n acceptable to ET drivers. Equation (5) indicates that the number of arriving ETs will decrease with the increase of charging prices. N n,t,max and VOLUME 7, 2019 FIGURE 4. Simulation process of ET agents.
x n,max can be estimated by (6) and (7),
where N n and N m are the number of charging spots at PCS n and PCS m; N m,t−1 is the number of ETs at PCS m at the (t-1)-th hour; T av is the average charging time of ETs; S PCS is the set of PCSs; D m,n is the shortest path distance between PCS n and PCS m; v av is the average velocity of all ETs. In (6) , (N n,t,max /N n ) · T av denotes the average waiting time of ETs at PCS n. In (7), E av is the average charging capacity of ETs; E unit is the electricity consumption per kilometer of an ET. The meaning of (6) and (7) lies in the assumption that even though an ET is currently near PCS n, it may still choose to charge at PCS m in order to minimize costs.
E. ET AGENTS
The parameters of ET agents include ET's ID, battery capacity, SOC, charging power, location, and operating state, etc. In total, there are five operating states for ET agents, namely state of decision-making, state of searching for passengers, state of carrying passengers, state of going for charging, and state of charging. The simulation process of ET agents is illustrated in Fig. 4 , and all the decisions of ETs are made based on information from ET agents, TN agents, and PCS agents.
In the state of decision-making, ET agents will decide whether to search for a passenger or go for charging based on SOC. If the SOC of an ET is below SOC alarm , then it must go for charging; otherwise, the ET will search for a passenger.
1) PASSENGER SEARCH
In the state of passenger searching, ET agents will select a TN as the destination. For an empty ET located at TN k, the probability of selecting TN j as the destination is influenced by the travel time to TN j and the number of traveling demands at TN j, and it can be described by the following selection model
where p kj is the probability of selecting TN j as the destination when the ET agent is located at TN k; t kj is the minimum travel time from TN k to TN j; q j (t) is the number of travel demands at TN j that satisfies SOC constraints of the current ET; β 1 and β 2 are weight coefficients of different influential factors and β 1 = 1, β 2 = 0.5 [30] . Equation (8) means that the selection probability p kj is proportional to travel demands q j , and inversely proportional to travel time t kj . In (8) , E k is the stored electricity of the ET at TN k; E kj is the electricity consumption from TN k to TN j; E j,TD is the electricity consumption of completing the travel demand with the shortest journey at TN j; E cap is the battery capacity of the ET; SOC alarm is the alarm SOC of the ET. This constraint is used to guarantee that the selected travel demand could be completed by the current ET.
The TN with the highest probability will be selected as the target node and the ET will leave for it following the shortest path. When approaching the target node, ET agents will track the travel demand at the target node continuously, until the travel demands are canceled or the passenger is picked up.
2) PCS SELECTION
In the state of going for charging, the ET will select a preferred PCS as the destination. According to preferences of ET drivers, the strategy of PCS selection can be classified as three types, time preference type, cost preference type, and hybrid preference type.
The aim of time preference drivers is to minimize the time costs of going for charging and queuing at the PCS.
In (9), T PCS is the time cost of going for charging and queuing at the PCS; D n is the driving distance from current position to PCS n; N n,t is the number of ETs queuing in PCS n at present; N n is the number of charging spots at PCS n; T av is the average charging time of ETs.
The aim of cost preference drivers is to minimize economic costs of the whole charging process.
In (10), C PCS is the money spent on driving to the PCS and charging at the PCS; c n,t is the current charging price at PCS n; SOC exp and SOC t are expected SOC and current SOC, respectively.
ET drivers with hybrid preference tend to minimize time and economic costs at the same time.
In (11), c t is the economic cost per hour for ETs, and it can be estimated by the product of ETs' average velocity and unit-distance price. In this paper, C hyb is selected as the index for selecting PCSs in the process of PCS deployment optimization.
3) ROAD TRAVEL TIME
The road travel time of ETs can be estimated by BPR (Bureau of Public Road, USA) function [31] .
In (12), t kj is the travel time between TN k and j; Q kj and C kj are the traffic flow and traffic capacity in the road between k and j, respectively; t 0 is the free travel time; α and β are constant parameters and in general, α = 0.15, β = 4. Q kj and C kj are both measured by pcu/h, namely passenger car unit per hour, and C kj is supposed to be constant.
III. CANDIDATE SITING PLACES SELECTION FOR PCS
Taxi drivers are a group of people who fully understand the urban road networks. They usually choose highly practical (less expensive, faster) paths when driving. In other words, when individuals are driving, the choice of some key TNs will bring better travel experiences. Therefore, we select the key TNs as candidate PCS siting places in this paper, based on massive trajectory data of taxis. We use the frequency of taxi trajectories covered on transportation networks to find key TNs, and two indices, node utilized number (NUN) and critical node index (CNI), are defined to evaluate the importance of TNs.
NUN denotes the number of trajectories passing through (including starting and arriving) a TN.
In (13), NUN k is the node utilized number of TN k; N t is the number of traffic nodes; N TD is the number of trajectories. γ (k,e) is a binary variable indicating whether trajectory e passes through TN k, if yes, γ = 1, otherwise, γ = 0.
CNI denotes the relative importance of a TN, and it is defined as (14) .
When selecting candidate PCS siting places, TNs with a larger CNI will enjoy a higher priority.
IV. MULTI-OBJECTIVE OPTIMIZATION FOR PCS A. OBJECTIVES
As mentioned above, the deployment of PCSs is closely related to the interests of PCSs, electric utilities, taxi drivers, and passengers, etc. Therefore, we constructed a multiobjective optimization model to guarantee the interests of main stakeholders, considering the aspects of economic costs and load leveling.
In (15), C total denotes the total economic costs; C station denotes construction and operation costs of PCSs; C loss denotes electricity loss cost of the distribution network; C charge denotes the charging cost of all ETs; C time denotes time cost of ET charging and waiting at PCSs; C opp denotes opportunity loss cost of passengers; L s denotes the heterogeneity of load in distribution networks.
1) ECONOMIC OBJECTIVES
Construction and operation costs of PCSs are determined by the number of PCSs and the number of charging spots in each PCS.
In (16) , N C is the number of candidate TNs for deploying PCSs; x i is a binary variable indicating the deployment of a PCS in TN i. If a PCS is deployed in TN i, x i = 1, otherwise, x i = 0. n i is the number of charging spots in TN i; S e is the floor space of each charging spot; C Li is the unit land cost at TN i; C e is the cost of charging equipment for each charging spot; r is the discount rate; C 0 is the operation and maintenance costs of charging equipment at each charging spot; n y is life expectancy. Since all the costs in (15) are annual value, function (16) converts present value of investments to equivalent annual value. Electricity loss cost is defined as (17) ,
where C loss is electricity loss cost of the distribution network; α l,t is unit cost of electricity loss in the t-th hour; p loss (t) is electricity loss of the distribution network in the t-th hour.
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Charging cost is defined as (18) ,
where c n,t and E n,t are the charging price and charging power for an ET at PCS n in the t-th hour, respectively; N c is the number of PCSs. Time cost is defined as (19) ,
where c t is the economic cost per hour for ETs; N car is the number of ETs; f i is the number of charging times per day for ET i; D ij is the driving distance of ET i when it is heading to the PCS in its j-th charge; P s is the charging power; η is the charging efficiency; T W ij is the waiting time of ET i in its j-th charge. The left term in the braces denotes the total time cost of driving to PCSs for all ETs; the right term denotes the total time cost of waiting and charging in the PCSs for all ETs.
After receiving travel demands, an ET will drive to the corresponding TN to pick up passengers. However, if no ETs arrive for a long time, the passengers will lose the opportunity of taking a taxi. We use (20) to measure the cost of opportunity loss for passengers.
In (20) , N TD is the total number of traveling demands; OD i is the travel distance of the i-th travel demand, measured in km. w i is a binary variable indicating the opportunity of passengers in the i-th travel demand, if the passengers have been picked up by an ET, w i = 0, otherwise, w i = 1. c m is the cost of unit distance.
2) LOAD LEVELING OBJECTIVES
In order to decrease the gap between peak load and valley load in distribution networks, two indices are proposed in this paper to evaluate the effect of load leveling, as shown in (21) and (22),
where P i,t is the electricity load of substation i in the t-th hour; E i is the standard variation coefficient of P i,t , which is used to denote the heterogeneity of electricity load at substation i; N s is the number of substations; L s is the index of load heterogeneity in the distribution network. A larger L s indicates that the load of substations is more unlevel.
B. CONSTRAINTS 1) POWER OUTPUT FOR THE SUBSTATIONS
In (23), j denotes a load bus in the distribution network; k denotes the load bus connected to the PCS; J i is the set of load buses for substation i; K i is the set of load buses accessing PCSs in the power supply area of substation i; S i is the capacity of substation i; e(S i ) is the load rate of substation i; cosϕ is power factor; P j is the active load at bus j; P k is the active capacity of bus k accessing the PCS.
2) CAPACITY OF PCS ACCESSING POINT
P Cij ≤ P j max (24) In (24), P Cij is the maximum charging power of PCS i accessed to bus j; P jmax is the maximum power that can be accessed to bus j, which is determined by the load at bus j and transmission capacity of the feeder.
In ( 
4) POWER FLOW OF THE FEEDERS
In (26), I ij and I ij,max are the current and maximum current in feeder ij, respectively.
5) POWER BALANCE EQUATIONS
In (27) , P i and Q i are active and reactive power injected into bus i, respectively; G ij and B ij are the i-j terms of the conductance and susceptance matrices; θ ij is the voltage phase angle difference between bus i and j.
C. OPTIMIZATION ALGORITHM AND FLOWCHART
The aim of PCS deployment is to determine which candidate TNs should PCS be placed on and how many charging spots should be constructed in each PCS. In this paper, we use improved genetic algorithm [32] - [34] to solve the multi-objective optimization model of PCS deployment. The method of constructing chromosomes is as follows. Suppose that there are N c candidate PCS siting places in the transportation network, and the maximum number of charging spots in each PCS is n max . We can construct a chromosome consisting of N c 5-bit cells:
The first bit in each cell is a binary variable indicating whether a PCS should be deployed in this candidate siting place, 1 denotes deployment and 0 denotes no deployment. Besides, we set the maximum number of charging spots in each PCS as n max = 16, and it corresponds to the last four bits in each cell, ranging from 0000 to 1111 in binary form. It is worth mentioning that the recognition priority of the first bit is over the last four bits, which could help to avoid conflicting results (e.g. 01111) of the binary coded cell in the process of chromosome crossover and mutation. The flowchart of the PCS optimization approach is illustrated in Fig. 5 .
In the process of multi-objective optimization, we use both local fitness factor and global fitness factor to evaluate the chromosomes. Local fitness factor denotes the approximation degree of a feasible solution to the optimal solution of a specific objective. Global fitness factor denotes the approximation degree of a feasible solution to the optimal solution of all objectives.
For the multi-objective optimization function b is the number of objectives) , the local fitness factor of chromosome x i for objective k can be calculated as below, where G fk (x i ) is the local fitness factor of chromosome i for objective k; d is the number of chromosomes generated in each iteration; f k (x i ) and f k (x j ) are the fitness for objective k of chromosome i and j, respectively. A larger G fk (x i ) denotes that chromosome i is closer to the optimal solution of objective k. The global fitness factor of chromosome x i for all objectives can be obtained from the equation below.
A larger G F (x i ) indicates that chromosome i is closer to the optimal solution for all objectives. The algorithm will terminate if either of the following criteria is satisfied. First, a fixed number of generations (80 in study case) is reached. Second, no better individuals arise in a certain number (8 in study case) of successive generations.
V. CASE STUDY A. CASE OVERVIEW AND PARAMETER SETTINGS
Sioux Falls transportation network [13] is modified as the test case, which contains 24 traffic nodes and bi-direction roads are connected between neighboring nodes. For the convenience of ET simulation, all traffic nodes are assigned with coordinates, as shown in Fig. 6 . The traffic capacity of roads can refer to [13] .
Trajectory data of taxis are simulated based on the transportation network, the spatial-temporal variation of travel demand and traffic flow as illustrated in Fig. 7 . Suppose that the travel distance of passengers follows lognormal distribution (e µ = 19.36, σ = 0.26). A 10kV 33-bus distribution network [10] with 3 substations is used as the corresponding power grid, as shown in Fig. 8 . Detailed parameters can be found in TABLE 1. The typical load profiles of different classes are illustrated in Fig. 9 . The links between transportation and distribution networks are listed in TABLE 2.
Parameters for the simulation of ETs and optimization of PCS deployment are initialized as shown in TABLE 3. Suppose that the initial SOC of ETs follows Gaussian distribution (µ = 0.55, σ = 0.27). 
B. SELECTION OF CANDIDATE SITING PLACES
In order to reduce the computation cost of PCS deployment optimization, candidate siting places are selected from all TNs based on the analysis of taxis' trajectory data. The analysis results are shown in TABLE 4. The unit costs of land for candidate siting places are also listed in TABLE 4. According to NUN in the table, the number of trajectories passing through a candidate siting place range from 476 to 1932. For other TNs, the value of NUN is smaller than that of the candidate siting places. This means that candidate siting places cover most traffic flows and they are more convenient for ETs to get charged compared with other TNs.
C. RESULTS OF PCS OPTIMIZATION AND CHARGING DEMAND SIMULATION
Based on the results of candidate siting places selection, the deployment plan of PCSs can be obtained from the multiobjective optimization approach proposed in section IV-A. The results of 5 optimal PCS deployment plans with approximate global fitness factors are shown in TABLE 5.
As shown in TABLE 5, the total cost of the 5 optimal plans ranges from 3.8434 × 10 6 dollars to 4.3167 × 10 6 dollars. In terms of reducing the costs of PCSs, ET drivers, electric utilizes, and passengers, plan 4 is preferable. However, from the angle of improving load leveling in the distribution network, plan 1 is better. In order to prove the effectiveness of index L s , the load profiles of different substations with plan 1 (lowest L s ) and plan 5 (highest L s ) are illustrated in Fig. 10 . As shown in the figure, load profiles corresponding to plan 1 are higher in the valleys and lower in the peaks comparing with those of plan 5, which demonstrates that a lower L s corresponds to more balanced load profiles.
In addition, from the first column of economic objectives and the last column in TABLE 5, we can find that with the reducing of total costs, the load leveling condition in each plan is getting worse. The multi-objective optimization approach could provide 5 plans with both optimal economic and load leveling objectives, but we need to make a compromise according to actual demands when selecting a best one from the 5 optimal plans.
The test case is simulated and optimized with the platform of MATLAB in Windows 10 operating system environment. The number of iterations is 76, and the convergent speed is 325.72min (CPU: Intel Core i5-6200U, 2.30GHz).
For a given PCS deployment plan, the charging demand can be simulated by the proposed multi-agent model. Take plan 4 as an example, the time usage of ETs and coverage ratio of travel demands are illustrated in Fig. 11 and Fig. 12 , respectively. Fig. 11 shows the total service time, waiting time, charging time of ETs, and the average charging price of all PCSs. As shown in the figure, the service time and charging time are two major components of time usage for ETs, and they have opposite trends of time variation. Fig. 12 shows the coverage ratio of travel demands per hour. The coverage ratio of passengers' travel demands fluctuates over time around 0.6, and its trend is consistent with that of service time in Fig. 11 . The above results indicate that even though the charging power has reached 40kW, the charging behavior of ETs still inevitably affects the normal operation of ETs, and the fast charging technology will be a key factor in the development of ETs.
As for the waiting time of ETs, we can see from Fig. 11 that the period with longer waiting time mainly centers in 4 am to 6 am, which corresponds to the valley of travel demand, as shown in Fig. 7 (a) . Besides, comparing the curve of charging time with the curve of average charging price, the peaks of charging time mainly distribute in the valleys of average charging price. Thus, the above results have illustrated the VOLUME 7, 2019 effectiveness of the proposed optimization model in reducing time and economic costs of ETs.
In the above results, the aim of ETs is to minimize time and economic costs at the same time when selecting PCSs. If we take the influence of ETs' charging strategy on PCSs into consideration, the results are shown in TABLE 6.  TABLE 6 shows 5 indices of each PCS under 3 charging strategies of ETs. The 5 indices include average number of ETs per hour, average waiting time of ETs, charging power of ETs, average charging price, and profits of the retailer at each PCS. The influences of different charging strategies on PCSs are stated as follows.
1) STRATEGY A
As we can see from TABLE 6, strategy A has a great effect in reducing the waiting time of ETs, because all the ETs tend to select a closer PCS with fewer ETs to get charged. Thus, the utilization ratio of PCSs will be higher, which can be derived from the highest average number of ETs per hour in TABLE 6. However, the expense of strategy A is that the average charging price will be higher with the increasing number of ETs at each PCS, and retailers of PCSs can make more money. Therefore, strategy A is more favorable to retailers of PCSs compared with other strategies.
2) STRATEGY B
When strategy B is selected by all ETs, the indices may present an opposite tendency. The ETs tend to select a PCS with the lowest charging price. As a result, the PCS with lowest charging price could attract most of the ETs need for charging in the current hour, leading other PCSs to adjust their charging prices in the next hour to attract more ETs. Eventually, as shown in TABLE 6, the PCSs with lower charging prices and larger number of ETs per hour (e.g. PCSs at the traffic node 10 and 22) could obtain higher profits.
It should be noted that the PCS with lowest average charging price (e.g. PCS at the traffic node 11) will not attract most ETs throughout the day, because it also depends on the number of ETs' need for charging in each hour. In general, when strategy B is selected by all ETs, some PCSs will make more money while the total profit of all PCSs will decrease, due to price competition between them. Besides, the waiting time of ETs at different PCSs will be more polarized.
Actually, strategy A and B denote two quite extreme situations, and the realistic situation should be the compromise of both A and B (we use strategy C to represent the actual situation as shown in TABLE 6). However, the analysis of strategy A and B still illustrates the huge impact of ETs' charging strategy on the operation and profitability of PCSs. Therefore, after the deployment plan of PCSs is determined, retailers of PCSs still need to make full use of their advantages and study the charging strategy of ETs continuously, in order to obtain more profits.
VI. CONCLUSION
In this paper, a PCS deployment framework is proposed, considering the impacts of passengers, taxi drivers, electricity retailers, transportation and power distribution networks, and power consumers. The main innovation of this paper is that a multi-agent charging demand simulation method is embedded in the PCS deployment framework, and the procedures of spatial-temporal ET charging load forecasting and PCS deployment optimization are executed simultaneously.
From the results presented in this paper, we can reach the following conclusions:
(i) With the help of dynamic ET charging load simulation, the proposed PCS deployment framework could minimize the costs of PCSs, electric utilities, ETs drivers and passengers, and lower the heterogeneity of electricity load in the distribution network at the same time.
(ii) The charging rate is an important index affecting the service time and profits of ETs, and the progress in fast charging technology could be a key factor in promoting the development of ETs.
(iii) ETs' charging strategy has a great influence on the operation and profitability of PCSs. Therefore, after the deployment plan of PCSs is determined, retailers of PCSs still need to make full use of their advantages and study the charging strategy of ETs continuously, in order to obtain more profits.
The combination of PCS deployment optimization and multi-agent ET charging demand simulation is a novel approach and the results can provide important references for the government, electric utilities, and taxi companies, etc. At present, operating mode, reliability of the distribution network, the variety of power consumers' load curves in the time dimension and their combinative probabilities, are not considered in the optimization framework. For this deficiency, the proposed framework will be constantly improved and refined in future studies. HAIDONG YU was born in Shandong, China, in 1993. He received the bachelor's degree in electrical engineering from Shanghai Jiao Tong University, China, in 2017, where he is currently pursuing the master's degree in power system and its automation. His research interests include electric vehicle load forecast, smart grid, and big data.
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